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Abstract 
Readers’ advisory services must keep up with ever-increasing numbers of published titles. We explore a 
method to identify potentially appealing book recommendations based on the use of bibliographic 
coupling from data gathered from the social reading site, Goodreads. In this case, books are considered 
to be similar in appeal to other books read by a user if a co-read pair of books occurs. Co-read book pairs 
were processed and rendered visually in Gephi, creating two visualizations: one with extremely popular 
titles, and one without. This method has the potential to augment traditional readers’ advisory services by 
leveraging readily available big data and open source software. 
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1 Introduction 
Readers’ advisory (RA) services are an important part of public library services available in the United 
States, providing guidance to their reading communities. RA services face the challenge of matching 
reading interests of patrons to an ever-increasing number of published books; in the U.S. alone, over 
300,000 titles were published in 2013 (International Publishers Association: Annual Report, 2014). 
Knowing what readers are reading is critical to the success of RA (Orr & Herald, 2013), and leveraging 
available social media is one way of doing this as reading is becoming an increasingly shareable social 
activity through sites such as Goodreads, LibraryThing, and Shelfari. These sites provide a means of 
gathering data on individuals’ reading interests and habits, allowing RA services to offer useful 
suggestions without requiring services providers to read every book published.  
As of 2015, Goodreads had 40 million members, 1.1 billion books added, and 43 million book 
reviews, making the site a good candidate for data gathering. This study draws on readily available data 
from Goodreads, as well as open source network tools, to identify pairs of co-read books to identify 
clusters of potentially related books. In this case, books that occur with higher frequency in multiple 
readers’ lists are considered to be more similar than books occurring at lower frequencies. This analysis 
is similar to bibliographic coupling, which assumes the assertion of similarity of the items cited together 
(Ahlgren & Jarneving, 2008; Kessler, 1963). Bibliometric analysis is widely used in information science for 
metrics and the creation of topical visualizations. The method we propose addresses the need to 
augment RA services to accommodate exponential growth in available reading material by using readily 
available data of readers’ habits. 
Using previous behaviors for recommendations is not new, and can be found in 
recommendations systems such as those used by Amazon.com (Linden, Smith, & York, 2003). Using 
patrons’ check-out data to influence recommendations in library systems in “bibliomining,” or analysis that 
combines bibliometrics and data mining, has been done before. Nicholson (2006) examined how patrons’ 
check-out behavior influences items recommended by the library system. In this type of user-based data 
mining, documents accessed during a single session by a single user may be considered related, though 
other units of analysis and means of determining what constitutes a “session” may be defined by the 
researcher. 
In this article, we explore an approach using bibliographic coupling, network analysis, and 
visualization to provide book recommendations for users. In bibliographic analysis, different prefixes can 
be used to imply different types of relationships between entities in a network; “inter” is used to imply 
relationships between units, such as inter-journal citation, while “co” is used to indicate simultaneous 
occurrences of an observed unit within a document (Börner, Chen, & Boyack, n.d.; White & McCain, 
1997). In our case, the “documents” are lists of read books by users on Goodreads, thus, we choose the 
term “co-read” to indicate a joint occurrence of read books between user reading lists. Our approach 
assumes that the more frequently a pair of co-read books occurs, the more likely it is that other readers 
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will also read that particular pair of books, and that high-frequencies of co-read books are worthwhile to 
include as potential recommendations for readers’ advisory services based on the frequencies of 
occurrence and how the co-read books cluster in the network. We also assume that readers will finish a 
book if they think it is good or compelling in some way, and that the co-occurrences of finished book pairs 
indicate that the reader who read the pairs liked both books. 
2 Literature Review 
Four areas contribute to our framework for the approach we examine in this paper: readers’ advisory, 
recommendation systems, co-citation analysis, and science mapping. RA is a topic frequently written 
about in practitioner-oriented periodicals. Research in the area of supplementary recommendation 
systems frequently examines consumer behavior-driven areas such as online shopping. Co-citation 
analysis is a type of bibliographic analysis that relies on graph theory and bibliographic data, explaining 
phenomena observed in a networked environment. Visualization of scientific domains, or science 
mapping, is a popular way of examining the topicality of and key actors in domains. 
2.1 Readers’ Advisory 
Readers’ advisory services maintain an advisor-advisee relationship, in which the advisor makes 
suggestions for the advisee based on their expressed interests (Stover, 2009). Based on what the patron 
has read, and what they expressed with regards to their likes and dislikes, the librarian in the advising 
role makes recommendations tailored to the patron. The view of the librarian contrasts from the view of 
the reader when thinking about RA: librarians think of professional implications from creating book 
displays and creating featured book profiles, whereas readers tend to be “simply interested in finding 
good books to read and then perhaps discussing them with others” (Naik & Trott, 2012 p. 319).  
Library 2.0 tools are able to introduce more suggestions into the readers’ advisory equation. 
Social networking sites such as Goodreads, LibraryThing and Shelfari all share similar basic functions, 
such as queuing books to read, marking books as having been read, and listing books to read. Each site 
provides a means of crowdsourcing book reviews to users, much the same way as Amazon.com 
crowdsources reviews to consumers (Rapp, 2011). Goodreads uses an algorithm to provide 
recommendations to users based on the book ratings of other users (Rapp, 2011). Goodreads also 
provides functions to explore lists of books in its “Listopia” feature, allowing users to browse through 
popular book lists (Naik & Trott, 2012). Saricks (2013) points out that even though the technology is 
available, many libraries do not fully use what is freely available in their service plans.  
2.2 Recommendation Systems 
Recommendation systems are used for systems from online shopping to library recommendations. Such 
systems are frequently data-driven or preference-based, and filter data using either content-based, 
demographic-based, or collaborative filtering-based methods (Towle & Quinn, 2000). All methods 
examine correlation between certain facets of users, their preferences, and behaviors to determine 
similarities and make recommendations based off of the types of user data input to the system. Content-
based systems make recommendations based on correlation of similarity between items based on 
product attributes. Demographic-based systems use information about a user, such as their age, gender, 
location, education level, and occupation to determine the type of user that may like a certain type of 
product (Pazzani, 1999). Collaborative filtering approaches examine users’ past behaviors to create 
recommendations. Implicit user models weight suggestions based on user-submitted information such as 
rating and preferences (Towle & Quinn, 2000). Collaborative methods can be combined when examining 
the content of users’ profiles and their reviews, using similarities between users to fill in information gaps 
(Pazzani, 1999). 
Huang, Chung, Ong, and Chen (2002) examined using a graph-based approach to improve book 
recommendations using a hybridized method consisting of both content-based and collaborative 
approaches, examining both high-degree and low-degree association methods between book-book, user-
user, and book-user relationships. Precision and recall were found to be consistently higher for the hybrid 
approach than either the content-based or collaborative approach. 
User interest profiles can be used to create recommendations for web content. Pazzani (1999) 
examined collaborative filtering for making page recommendations to users based on identifying and 
exploiting correlations between users for restaurant preferences using learner user profiles. Four types of 
methods were used to map regularities in users’ preferences based on collaborative, content-based, and 
collaboration via content methods. Knowledge-based recommender systems must make good 
recommendations, else users tend to ignore them (Towle & Quinn, 2000). Explicit models of items can be 
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mapped to user preferences, which then have a higher likelihood of returning items users may be 
interested in interacting with in some way. 
2.3 Co-citation analysis 
In all co-citation analysis, entities cited together are considered to be related in some way by the citing 
entities. Yan and Ding (2012) discuss and compare six types of citations, identifying two dimensions 
among the types of citation networks on the basis of cosine distance: “citation vs. non-citation,” and 
“social vs. cognitive.” Co-citation can be analyzed using various units of analysis in various combinations 
including authors, documents, journals, and institutions. In document co-citation analysis, papers are 
determined to be more strongly related to one another the more times they are cited together (Small, 
1973). Papers that are frequently cited together are considered to make up the core of a certain body of 
literature. Document co-citation analysis operates on similar assumptions to that of author co-citation 
analysis: that is, that documents cited together are perceived to be related in some way. While examining 
the textual content of documents, terms and keywords may also be examined to provide richer topical 
data for analysis. 
Author co-citation analysis (ACA) can be used to determine the intellectual structure of a field 
based on authors who are highly cited in that field against either documents or journals. Authors’ 
influences and authoring relationships can be determined using this type of analysis, and by extension, 
demonstrates judgments made regarding the similarity and subject matter by those who cite them (White 
& McCain, 1998). As data regarding the affiliations of the authors to institutions or fields is included, this 
type of analysis can contain richer data than other types of co-occurrence networks. Visualizing ACA 
requires a dataset consisting of many works over time. The choice of which authors to map in this type of 
analysis impacts the visualization of the domain, as different pairs of authors may be perceived to have 
different degrees of similarity by those who cite them. 
Bibliographic coupling differs from ACA in that pairs of documents are examined on the basis of 
frequency of citation, working at the document level instead of the author and journal, or author and 
institution level. Kessler pioneered the technique in the early 1960’s examining coupling patterns in 
scientific literature (1963). The strength of the coupling is assumed to be a measure of how similar the 
documents are perceived to be by the citing reference (Ahlgren & Jarneving, 2008). Two documents are 
considered to be more similar if they are co-cited together frequently; furthermore, co-citation of 
documents is assumed to be an assertion of two documents similarity by the author of the citing 
document. 
2.4 Visualization of Bibliographic Data and Science Mapping 
The structure of the web has been analyzed using bibliographic coupling and co-link counting, as in 
Thelwall and Wilkenson’s (2004) study examining sets of web pages that have similar content. Domain-
based similarity clustering typically offers lower recall of clustering due to the nature of the data (Börner et 
al., 2003; Small, 1997). 
Visualizations of network data provide spatial orientation for the user, allowing a sense of place in 
the representation akin to that of a map (Small, 1999). The visualization of bibliometric data, commonly 
referred to as science mapping, aims to create a visual representation of the structure of the domain 
being analyzed. Citation results in directed networks, where the citing document points to the cited source 
or sources. Undirected networks, such as bibliographic coupling, display co-occurrence relationships that 
are symmetric, and thus do not indicate source and target nodes. Ideally, a bibliometric network 
visualization conveys complex information to a user in an easy-to-understand manner. Loss of 
information in visualization happens in a number of ways, including reducing the data included in the 
network and during the visualization process (Van Eck & Waltman, 2014). Though these types of 
analyses have not been applied to RA, the same principles apply. 
De Solla Price first described the process of science mapping in the 1960’s (de Solla Price, 
1965a, 1965b), and described how science mapping could convey information scientific literature using 
bibliographic data. Much like ACA, scientific literature data mapped over time shows shifts and different 
focuses in research fronts based on calculations examining areas actively publishing (de Solla Price & 
Beaver, 1966). In this mapping, trends and “explosions” in the production of scientific literature occur. 
These fronts of science expand, and creating even newer research fronts. Most newly published works 
are found to cite more recently published works, and have a half-life of 2-3 years (de Solla Price, 1965b). 
Such trends in book readership also exist, and certain classics continued to be read. 
Clustering analysis is generally done using algorithms built into the network software or available 
as plugins. Network software comes bundled with different algorithms with which to lay out and cluster 
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networks. Pajek (Batagelj & Mrvar, 1998) and Gephi (Bastian, Heymann, & Jacomy, 2009) provide 
application-neutral network analysis tools, where tools like Cytoscape (Lotia, Montojo, Dong, Bader, & 
Pico, 2013) are designed to analyze domain-specific network phenomena such as those found in biology. 
Bibliographic data is frequently gathered from sources such as the Web of Science and Scopus, but such 
data can be aggregated and compiled in formats that are usable by network analysis tools.  
3 Methodology 
Data were gathered during May and June of 2015 from Goodreads.com using the list of books marked as 
“read” by 106 members who were “online now” and located in the U.S. Users were considered for 
inclusion in the study if they had read between 29 and 447 books, with the average user having read 
140.22 books. The number of read books were determined by eliminating outliers with extremely large 
numbers or very low numbers of read books, and provided a convenient way to sample users. Pairs of 
books were determined by taking the list of books that had been read by the same user in all possible 
combinations, as in Figure 1. Pairs of books read by this example user include Book 1::Book 2, Book 
2::Book 3, and Book 1::Book 3. 
 
Figure 1: Example Diagram of Co-Read Pairs of Books by a Single User 
All existing pairs of co-read books were calculated using a PHP script. Pairs were then added to a 
MySQL database with their frequencies of occurrence, and were compared between members to 
determine the overall co-reading occurrence of pairs of books. Only book pairs co-read three or more 
times were included in subsequent steps to eliminate analysis of the long tail and reduce calculation time. 
Figure 2 shows an example of book pairings. Of the five example books in Figure 2, the three example 
users have read the pair of Book 2 and Book 4 three times, and the other pairs of books present in the 
diagram fewer than three times. If this example data were to be used, only Book 2::Book 4 would be 
included in the analysis. 
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Figure 2: Example of Pairs of Books Occurring Three Times 
The list of book pairs with frequency of occurrence was then converted into a .net network data 
file using the txt2pajek converter (Pfeffer, Mrvar, & Batageli, 2013). The resulting data file was split into 
two data files for analysis in Gephi. The first (Network 1) contained extremely popular series, and the 
second (Network 2) omitted all sixty-nine books from The Hunger Games, Harry Potter, Divergent, and 
Twilight series. Two network visualizations were created from the resulting datasets, and network 
statistics were calculated using Gephi’s built-in network analysis tools. 
4 Results 
Over half a million potential book co-occurrences were found in the dataset. The most frequently 
occurring pair was Catching Fire::The Hunger Games, which occurred 50 times. Thus, 50 out of 106 
users read this pair of books. Other co-read book pairs included a great deal of overlap between and 
within popular series such as The Hunger Games, Harry Potter, Divergent, and Twilight.  
4.1 Network Analysis 
Network 1 contained popular series and consisted of 827 nodes and 10,728 edges, reduced from half a 
million due to the sampling of the data (n >= 3); Network 2, without blockbusters, contained 758 nodes 
and 7094 edges. Graph densities at 0.031 and 0.025 show that the networks are not densely connected 
compared to many graphs, at less than 4% of the potential connectivity in each. Modularity, or clustering, 
showed nine clusters in Network 1, and twelve clusters in Network 2. Each network consisted of two 
components: one large component, and one small component consisting of one pair of co-read books. 
 
Network Metric Network 1 (all titles) Network 2 (no popular series) 
Average Degree 25.954 18.715 
Weighted Degree 117.898 79.974 
Average Path Length 2.616 2.860 
Number of Shortest Paths 679,802 570,782 
Modularity (resolution = 1) 0.201 0.265 
Number of Communities 9 12 
Average Clustering Coefficient 0.602 0.538 
Graph Density 0.031 0.025 
Table 1. Most Frequently Co-Read Book Pairs 
The most frequently co-read pairs of books included “stars” in the network. In Table 2, we show 
only the top ten book pairs to illustrate the nature of co-reading patterns contained in the network: 
  
Title 1 Title 2 Frequency 
Catching Fire The Hunger Games 50 
Catching Fire Mockingjay 41 
iConference 2016   Ridenour & Jeong 
6 
Divergent The Hunger Games 35 
Catching Fire Divergent 32 
Catching Fire The Fault in Our Stars 32 
Gone Girl The Hunger Games 31 
Catching Fire Harry Potter and the Half-Blood Prince 28 
Catching Fire Harry Potter and the Prisoner of Azkaban 28 
Mockingjay The Hunger Games 28 
Divergent Insurgent 28 
Table 2. Top 10 Most Frequently Co-Read Book Pairs 
4.2 Visualization 
As can be seen in the graphs, networks omitting highly popular series can be used to provide book 
recommendations based off of co-read book pairs. The visualization not containing blockbuster series is 
easier to interpret, as the largest nodes are a step down in the granularity of book popularity. Even in 
Network 1, it is possible to see which books have been read by a majority of readers in the dataset. 
Neighborhood, or clustering, partitions show as color-coded groups nodes in the visualization. These 
clusters show potential clusters of books to be recommended to patrons using the existing read-alike 
recommendation process in RA. In both networks, the edges were rescaled for visualization to make the 
network labels easier to read. 
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Figure 3: Network 1, Visualization with Popular Series 
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Figure 4: Network 2, Visualization without Popular Series 
5 Discussion 
In the visualizations presented, it is possible to visually trace clusters of books, allowing users to examine 
the data in ways that are not possible with just the data from a network analysis. The choice of network 
layout is frequently arbitrary; though best practices can provide some guidance, creating a good 
visualization is both an art and a science. The networks we present in Figures 3 and 4 were rendered 
using the Fruchterman-Reingold algorithm pre-packaged in Gephi. The algorithm implements a graph-
based approach to arrange nodes to be closer together based on shared edges (Van Eck & Waltman, 
2014). A shortcoming of this visualization is that not all labels are easily readable. 
Network density affects clustering, and bibliographic coupling networks tend to have higher 
clustering than other types of networks (Yan & Ding, 2012). In Gephi, “modularity” is the method used for 
finding communities in graphs. That Network 2 contained more communities is likely due to the lower 
clustering of the network. Color choice was determined by the modularity calculation within Gephi, and 
illustrates how the algorithm determined clusters in the dataset. 
The choice of which readers to include in the analysis effected the structure of the network. 
Additionally, limiting the analysis to pairs of books that had been co-read more than three times affected 
iConference 2016   Ridenour & Jeong 
9 
network structure, network statistics, and potential overlap of co-read book pairs. While this saved time 
and reduced required computation power for the exploratory study, this type of trimming could negatively 
affect recommendations of books in different genres. Removing blockbusters from visualizations has a 
few benefits. Functionally, it allows for reduced calculation time, and easier visual interpretation of the 
surrounding network structure. Practically, popular books are more likely to be recommended, much in 
the same way Cake inevitably plays on most Pandora stations. 
Scaling the visualization to be more readable by end-users  
Including an additional temporal analysis, to see when users read the most popular books in the 
network, may be a helpful future addition to the analysis. In science mapping, what occurred and when is 
an important component to determining research fronts; here, what was read and when may help 
determine popular reading fronts based on patterns in users’ historical reading data. Additionally, the 2-3 
year half-life of scientific literature described by Price (1965b) may differ from that of pleasure reading 
material. 
ISI journal category assignments can be applied to verify the topographical structure of maps of 
science (Boyack, Klavans, & Börner, 2005). The application of publisher-assigned genres and library 
classifications could be assigned to verify mappings of books; however, readers’ unique tastes in material 
are highly subjective. As such, the reasons that one reader enjoyed one book may not be the same 
reasons another reader enjoyed the book. Employing a collaborative filtering method, such as that 
discussed by Towle & Quinn (2000) may help classify features of the books that readers enjoyed, and 
help identify similar features in other books. 
5.1 Limitations 
Limitations to this study included processing power, time, data collection methods, and the size of the 
dataset. Large graphs require a great deal of computer memory and time to process. As this study was 
done using a personal computer, a larger dataset was not feasible. Even if the necessary computing 
power were available, rendering such a densely connected graph into a meaningful visualization would be 
difficult due to the complexity of the image. In this study, the long tail of the dataset (N < 3) was eliminated 
to reduce rendering time and improve interpretation of the resulting visualization. Reducing the size of the 
dataset had the benefit of reducing overall computation time and power required at the expense of loss of 
information conveyed in the visualization. It is possible that sampling a larger dataset would yield more 
meaningful pairs of books; however, based on user interests, it may change the distribution of book pairs 
in the dataset. Another solution for analyzing a larger dataset would be to engage in a domain analysis of 
users who prefer specific genres, similar to Towle & Quinn (2000), and compare results between 
domains. Results cannot be generalized based on the study’s limited dataset. A larger scale study with 
data gathered from more users will improve recommendation results. However, it will also require more 
computing power. 
5.2 Next Steps 
Applying this methodology to a larger dataset with more computing power will provide more book 
pairings. Experimenting with other programs to determine which display labels the most legibly will make 
the resulting network visualization easier to read. Additionally, incorporating ways to weight results, limit 
results to specific genres, and include information regarding readers’ age and other preferences would 
add further value to this approach. For example, introducing a way to weight results based on user 
readings for highly rated books would enhance the value of our approach by limiting results for 
recommendations to only pairs of books that were both highly rated by a user. Other ways of determining 
how co-read books may be perceived by a reader include examining user-assigned tags, or sentiment 
analysis of written book reviews. Were this approach made dynamic and integrated into a system relying 
on a live-stream of data, it has the potential to map users’ interests in new books as soon as they can be 
published, read, and reviewed. In its current form, visualizations resulting from this method are not 
immediately usable; Figures 3 and 4 demonstrate the potential of this technique globally, instead of 
locally. 
6 Conclusion 
Data from social media has the potential to supplement RA services. In this exploratory study, we 
examined using data from the social reading site, Goodreads, and extracted pairs of co-read books to 
determine overlap in read titles through visualization using Gephi. The network that did not include 
blockbuster series was easier to interpret visually than the one including such titles. Approaches that 
increase the ability of readers’ advisory professionals to incorporate more potential book 
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recommendations in their work are valuable as they save time and increase the number of books that can 
be recommended to readers. 
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